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Abstract001

Long-Form text generation is critical for appli-002
cations ranging from creative writing to tech-003
nical documentation, yet large language mod-004
els (LLMs) struggle to maintain structural in-005
tegrity and logical coherence over extended006
outputs. Existing linear generation paradigms007
inadequately capture cyclic semantic depen-008
dencies, in which subsequent content retroac-009
tively constrains preceding segments. To ad-010
dress this, we propose CycleGen, a frame-011
work that reformulates long-form text gener-012
ation as a graph-based cyclic synthesis pro-013
cess. CycleGen comprises: (1) a data engine014
that constructs dependency graphs, applies a015
MinFAS-inspired algorithm to resolve logical016
cycles, and encodes backward constraints via017
closed-loop correction; and (2) a progressive018
alignment strategy that decouples optimization019
objectives through multi-stage training with020
Graph-Critical IPO, DPO, and SimPO. We fur-021
ther introduce CycleBench for evaluating long-022
range cyclic reasoning capabilities. Experi-023
ments on WritingBench, LongGenBench, and024
CycleBench demonstrate that CycleGen out-025
performs similarly sized models and achieves026
performance rivaling significantly larger mod-027
els. We have released our code and CycleBench028
at the anonymous repository: CycleGen Repo.029

1 Introduction030

Recent years have witnessed significant advances031

in long-context understanding, with modern LLMs032

capable of processing contexts up to 1M tokens (Su033

et al., 2024). However, long-form text genera-034

tion presents distinct challenges that remain inad-035

equately addressed (Liu et al., 2024; Anil et al.,036

2022). In practical applications, users often impose037

multi-dimensional constraints such as prescribed038

length, structural outlines, and stylistic consistency.039

Existing models struggle to maintain logical co-040

herence and structural integrity over extended out-041

puts (Guan et al., 2021). As shown in Figure 1042
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Figure 1: Comparison between unidirectional linear
generation and CycleGen’s refinement-based cyclic gen-
eration. (Left) Traditional models fail to anticipate
backward constraints, leading to logical inconsisten-
cies. (Right) CycleGen models cyclic dependencies and
uses refinement to achieve a global logical closed loop
and successful payoff of foreshadowing.

(Left), traditional linear generation is constrained 043

by unidirectionality and cannot anticipate back- 044

ward constraints from future content, which often 045

leads to abrupt logical inconsistencies. As genera- 046

tion length increases, models exhibit severe degra- 047

dation, manifesting as contradictions, discourse 048

breaks, and catastrophic forgetting (Bai et al., 2024; 049

Becker et al., 2024). These issues stem largely 050

from the inability to model cyclic semantic depen- 051

dencies, where subsequent content retroactively 052

constrains preceding segments. For instance, in 053

a mystery novel, a revelation in Chapter B must 054

align with foreshadowing in Chapter A, forming 055

bidirectional dependencies that linear generation 056

cannot adequately capture. 057

Prior work has explored this bottleneck from dif- 058

ferent perspectives. LongWriter (Bai et al., 2024) 059

attributes the problem primarily to distributional 060

bias in supervised fine-tuning data, where the vast 061

majority of training samples are shorter than 2k 062

tokens, preventing models from acquiring long- 063

range generation behaviors. To address generation 064

quality, approaches such as CogWriter (Wan et al., 065

1

https://anonymous.4open.science/r/lucky0106-216F


2025) and StoryWriter (Xia et al., 2025) adopt plan-066

then-write paradigms, decomposing long-form text067

generation into hierarchical sub-tasks via explicit068

outlines. However, these methods remain funda-069

mentally grounded in linear generation topologies070

and fail to capture cyclic semantic dependencies.071

Bridging the gap between current model capabil-072

ities and high-quality long-form text generation re-073

quires addressing three core challenges: (1) Model-074

ing cyclic semantic dependencies. Human writing075

involves non-linear semantic planning with back-076

tracking, where future content retroactively con-077

strains earlier passages. Existing paradigms must078

forcibly linearize such cyclic structures into left-079

to-right sequences, systematically discarding back-080

ward constraints that are essential for maintaining081

global coherence. (2) Internalizing explicit plan-082

ning into implicit generation. Explicit reasoning083

methods like Chain-of-Thought (Wei et al., 2022)084

and Tree-of-Thought (Yao et al., 2023) exhibit lim-085

ited stability in ultra-long contexts. The key chal-086

lenge is whether models can internalize the explicit087

process of planning-backtracking-revision into im-088

plicit parameter-space capabilities, enabling natural089

satisfaction of long-range constraints within a sin-090

gle forward pass. (3) Balancing multiple optimiza-091

tion objectives. Long-Form text generation requires092

simultaneously satisfying length control, logical093

consistency, and narrative quality. Naive end-to-094

end reinforcement learning often drives models095

toward single-dimension extrema, such as maxi-096

mizing length through redundancy at the expense097

of overall quality.098

To address these challenges, we propose Cy-099

cleGen, a framework that reformulates long-form100

text generation as a graph-based cyclic synthesis101

process.As illustrated in Figure 1 (Right), by ex-102

plicitly modeling cyclic dependencies, CycleGen103

employs a refinement mechanism to retroactively104

revise earlier content based on constraints revealed105

later, thereby achieving a global logical closed loop106

with successful payoff of foreshadowing. Cycle-107

Gen consists of two core components: (1) Data En-108

gine. We construct directed dependency graphs that109

explicitly allow cycles to represent inter-chapter re-110

lationships. We formulate the decycling process111

as a Minimum Feedback Arc Set (MinFAS) prob-112

lem and apply a greedy approximation algorithm to113

selectively remove cyclic edges while converting114

the graph into a directed acyclic graph (DAG). For115

tasks with complex narrative logic, we introduce116

a Loop-Aware Refinement mechanism that rein-117

corporates removed cyclic edges via bidirectional 118

rewriting, repairing logical breaks and ensuring 119

global self-consistency. For hierarchical tasks like 120

analytical reports, the framework naturally degener- 121

ates into efficient linear generation. (2) Progressive 122

Alignment Strategy. To tackle the challenges of 123

controllable long-form text generation, we design a 124

multi-phase training pipeline. We first inject long- 125

form writing capabilities via supervised fine-tuning. 126

We then apply a three-stage progressive reinforce- 127

ment learning scheme (Graph-Critical IPO, DPO, 128

and SimPO) that gradually transitions from basic 129

length control to complex joint structure-logic con- 130

straints, internalizing graph-planning capabilities 131

into one-pass generation and mitigating error accu- 132

mulation from multi-objective optimization. 133

Our main contributions are summarized as fol- 134

lows: 135

• We propose CycleGen, a graph-based frame- 136

work that models cyclic semantic dependen- 137

cies via MinFAS decoupling and loop aware 138

refinement, overcoming the limitations of lin- 139

ear generation paradigms. 140

• We design a progressive multi-stage align- 141

ment strategy that decouples optimization ob- 142

jectives for logical coherence, length control, 143

and narrative quality, distilling explicit graph- 144

planning into one-pass generation capabilities. 145

• We introduce CycleBench, a benchmark for 146

evaluating long-range cyclic reasoning. Ex- 147

periments show that CycleGen outperforms 148

similarly sized models on WritingBench, 149

LongGenBench, and CycleBench, achieving 150

performance rivaling significantly larger mod- 151

els. 152

2 Related Work 153

2.1 Long-Form Text Generation Bottlenecks 154

Despite recent progress in scaling context windows 155

to millions of tokens, LLMs continue to struggle 156

with long-form text generation. LongWriter (Bai 157

et al., 2024) identifies the core bottleneck as dis- 158

tributional bias in supervised fine-tuning data: the 159

scarcity of ultra-long training samples (with the 160

majority under 2K tokens) prevents models from 161

acquiring semantic consistency and structural con- 162

trol across extended outputs. While architectural 163

innovations like RoPE (Su et al., 2024), FlashAt- 164

tention (Dao et al., 2022), and Mamba (Gu and 165
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Dao, 2024) enable efficient processing of long con-166

texts, they do not directly address generation qual-167

ity. Building on this data bottleneck hypothesis,168

we synthesize high-quality long-form training data169

with explicit cyclic dependencies to better support170

generation capabilities.171

2.2 Controllable Text Generation172

Controllable text generation (CTG) aims to pro-173

duce text satisfying specific attributes such as174

length, sentiment, or structure. Existing approaches175

include learning-free methods like FreeCtrl (Feng176

et al., 2024), which adjusts FFN weights to control177

keywords, and prompt-based methods like Plan-178

and-Write (Akinfaderin et al., 2025) for length con-179

trol. MARKERGEN (Yuan et al., 2025) adopts180

plug-and-play strategies with external tools, while181

LDPE (Butcher et al., 2025) injects positional in-182

formation to internalize length constraints. While183

effective for short texts or specific tasks, these meth-184

ods remain limited for long-form text generation:185

learning-free approaches focus on surface-level186

constraints and cannot control complex narrative187

structures, while prompt-based methods rely on188

linear planning and fail to model cyclic dependen-189

cies such as foreshadowing and payoff. In contrast,190

CycleGen internalizes controllability by construct-191

ing training data with explicit non-linear logical192

dependencies and applying progressive alignment,193

thereby enabling joint control over length and deep194

logical consistency.195

2.3 Planning-Based Long-Form Text196

Generation197

To address logical discontinuities in long-form text198

generation, the plan-then-generate paradigm has199

emerged as an alternative to pure autoregressive de-200

coding. Early hierarchical methods like Re3 (Yang201

et al., 2022) and DOC (Yang et al., 2023) pro-202

duce high-level outlines followed by expansion,203

while recent agent-based approaches like Story-204

Writer (Xia et al., 2025) and SuperWriter (Wu205

et al., 2025a) employ multi-agent collaboration and206

Monte Carlo Tree Search to simulate human writ-207

ing cycles. Despite improving local coherence,208

these methods remain constrained by linear or tree-209

structured topologies that assume unidirectional210

information flow and cannot model bidirectional211

dependencies, such as plot twists retroactively con-212

straining earlier descriptions. CycleGen addresses213

this by modeling plans as directed graphs that ex-214

plicitly permit cycles and applying Loop-Aware215

Refinement to handle non-linear logical revisions, 216

achieving global self-consistency. 217

3 Problem Formulation 218

3.1 Problem Definition 219

We formulate the task of long-form text generation 220

as follows: given instruction I , generate an ordered 221

sequence of N semantic blocks (e.g., chapters or 222

key events). 223

S = {S1, S2, . . . , SN}, (1) 224

with total length L ≫ 10k tokens. Standard LLMs 225

model this via autoregressive decomposition. 226

P (S | I) ≈
N∏
t=1

Pθ(St | S<t, I). (2) 227

This assumes each block St depends only on histor- 228

ical context S<t. While this assumption works well 229

for short texts, it fails in long-form narratives with 230

complex non-local dependencies. Purely forward 231

generation then produces outputs that are locally 232

coherent but globally inconsistent. 233

3.2 Cyclic Semantic Dependencies 234

To characterize dependencies in long-form text, 235

we distinguish two types of relationships between 236

semantic blocks Si and Sj (i < j): 237

• Forward Causal Dependency: P (Sj | Si) ̸= 238

P (Sj). This follows temporal order, where 239

preceding conditions determine subsequent 240

outcomes (e.g., “obtaining a key” enables 241

“opening a chest”). Autoregressive models 242

naturally capture such dependencies. 243

• Backward Teleological Constraint: P (Si | 244

Sj) ̸= P (Si). This reflects authorial intent, 245

where a desired ending Sj retroactively con- 246

strains earlier content Si. For instance, if Sj 247

introduces an unexpected twist, earlier blocks 248

must include appropriate foreshadowing to 249

maintain consistency. 250

During autoregressive generation of Si, future 251

blocks Sj remain unobserved, acting as latent vari- 252

ables. The model cannot evaluate P (Si | Sj , S<i) 253

and must rely on P (Si | S<i). This invisibility of 254

future information limits global planning: without 255

backward constraints, early decisions risk logical 256

conflicts with future developments, causing narra- 257

tive inconsistency. 258
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Figure 2: Workflow of the CycleGen data engine (Phase
I), illustrating cycle decoupling for linear generation
and cycle recovery via bi-directional refinement.

4 Methodology259

To address the structural mismatch between linear260

autoregressive generation and cyclic logical depen-261

dencies in long-form text, CycleGen introduces a262

graph-based closed-loop data engine in Phase I.263

The engine explicitly models cross-section depen-264

dencies and emulates the human writing workflow265

of planning, drafting, and revision through cycle266

decoupling and recovery.267

4.1 Phase I: Cycle Graph Data Engine268

As shown in Figure 2, Phase I aims to construct269

high-quality training data by explicitly manipulat-270

ing graph structures to resolve logical consistency271

issues in long texts. This process involves three272

steps: graph construction, cycle decoupling, and273

bi-directional refinement.274

Semantic Dependency Graph Construction and275

Decoupling. Given an instruction and an out-276

line O = {v1, . . . , vN}, we first construct a di-277

rected weighted graph G to model the logical278

dependencies between sections. To balance effi-279

ciency and accuracy, we adopt a hybrid "retrieval-280

reasoning" strategy: we first compute the pairwise281

cosine similarities sij between nodes using a pre-282

trained embedding model (In our experiment, we283

employ Qwen3-Embedding-4B) to filter candidates284

(sij > 0.4); LLM then infers the causal direction285

between nodes. (e.g., from "foreshadowing" to286

"revelation").287

Since autoregressive generation requires a topo-288

logical order, we must convert the cyclic graph289

G into a DAG. We model this as the Minimum290

Weight Feedback Arc Set problem, identifying and291

removing the minimal edge set Ecut by weight:292

Ecut = arg min
E′⊂E

∑
(u,v)∈E′

wuv, 293

s.t. G′ = (V,E \ E′) is a DAG. (3) 294

The resulting GDAG, after removing Ecut, estab- 295

lishes the topological order for section generation, 296

enabling the model to parallelly generate an initial 297

draft Yraw based on summaries of predecessors 298

and optional RAG retrieval. 299

Bi-Directional Refinement and Data Synthesis. 300

The initial draft Yraw inevitably contains logi- 301

cal discontinuities due to the removal of strong 302

dependency edges (Ecut). As depicted on the 303

right side of Figure 2, we exploit the cyclic in- 304

formation in the original graph G to perform bi- 305

directional refinement. For each removed depen- 306

dency (vj → vi) ∈ Ecut, we jointly input the drafts 307

yi and yj into the refinement model. The model 308

restores logical coherence by either amending yi 309

(e.g., adding a missing prerequisite) or revising yj 310

(e.g., adjusting a subsequent development), ulti- 311

mately generating a logically self-consistent text 312

Yrefined. This process not only produces high- 313

quality text but also naturally constructs the prefer- 314

ence data pairs (Yrefined,Yraw) for the subsequent 315

alignment stage. 316

4.2 Phase II: Progressive Alignment Strategy 317

Long-Form text generation involves multiple, con- 318

flicting objectives: micro-level logical consistency, 319

macro-level length compliance, and overall narra- 320

tive quality. Directly training on synthesized data 321

is often insufficient to resolve these multi-objective 322

conflicts. Naive end-to-end optimization may con- 323

verge to suboptimal trade-offs, such as satisfying 324

length constraints at the expense of coherence via 325

redundant content. 326

To address this, CycleGen adopts a progressive 327

alignment strategy, decomposing alignment into 328

staged objectives that distill explicit planning and 329

revision behaviors into the model’s implicit gener- 330

ation capability. As shown in Figure 3, this staged 331

pipeline sequentially addresses different constraint 332

dimensions. 333

Stage 0: Supervised Fine-Tuning (SFT). We 334

first perform supervised fine-tuning on high-quality 335

corpora Dsft synthesized by the data engine, en- 336

abling the model to adapt to long-context attention 337
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Figure 3: Architecture of the Progressive Alignment Strategy (Phase II). To balance multiple constraints in long-form
text generation, we design a staged pipeline: Stage 1 (GC-IPO) focuses on local logical repairs; Stage 2 (DPO)
enforces global length interval constraints; and Stage 3 (SimPO) optimizes narrative aesthetics based on length
normalization.

patterns and basic formatting conventions:338

LSFT = −E(x,y)∼Dsft

|y|∑
t=1

logPθ(yt | y<t, x).

(4)339

Stage 1: Graph-Critical IPO for Logical Con-340

sistency. This stage targets long-range logical de-341

pendencies using preference pairs (yw, yl), where342

yw is refined via loop-aware correction and yl is the343

original linear draft. A primary challenge is Gra-344

dient Dilution. Since yw and yl often share over345

90% token overlap, direct sequence-level likeli-346

hood comparison risks drowning critical correction347

signals in gradients from unchanged tokens. We348

therefore propose Graph-Critical IPO. Using graph349

structure to localize difference regions, we define a350

masked log-probability:351

log πθ(y|x) =
T∑
t=1

wt · logPθ(yt|y<t, x), (5)352

where wt = 1 for tokens in critical difference353

regions and their neighborhoods, and wt = λ354

otherwise (λ = 0.1 in practice). This localized355

weighting focuses optimization on logical bifurca-356

tion points. We adopt the IPO objective (Ghesh-357

laghi Azar et al., 2024):358

LGC-IPO = ED

[(
log

πθ(yw|x)
πref(yw|x)

359

− log
πθ(yl|x)
πref(yl|x)

− τ

2

)2
]
, (6) 360

encouraging the model to internalize explicit revi- 361

sion behavior as implicit logical intuition. 362

Stage 2: DPO for Strict Length Compliance. 363

Having established logical coherence, Stage 2 en- 364

forces strict adherence to a target length Ltarget. 365

Preference data Dlen are constructed based on 366

specific length criteria: yw must satisfy |yw| ∈ 367

[0.9Ltarget, 1.2Ltarget], while yl falls outside this 368

range (|yl| < 0.9Ltarget or |yl| > 1.2Ltarget). We 369

apply standard DPO loss over full sequences, en- 370

abling the model to control length via pacing rather 371

than truncation or padding. Formally, we adopt the 372

standard DPO objective (Rafailov et al., 2023): 373

LDPO = −E(x,yw,yl)∼Dlen

[
log σ

(
β log

πθ(yw|x)
πref(yw|x)

374

− β log
πθ(yl|x)
πref(yl|x)

)]
(7) 375

Stage 3: SimPO for Structure–Quality Joint Op- 376
timization. The final stage addresses the trade- 377
off between length and overall generation qual- 378
ity. Since summed log-probabilities introduce 379
length bias favoring longer outputs, we adopt 380
SimPO (Meng et al., 2024) with length normal- 381
ization and a target margin γ: 382
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LSimPO = −E(x,yw,yl)∼D

[
log σ

(
β

|yw|
log πθ(yw|x)383

− β

|yl|
log πθ(yl|x)− γ

)]
. (8)384

This formulation encourages higher average gen-385

eration quality per token, producing texts that are386

both long and structurally well-formed.387

Through these progressive stages, CycleGen dis-388

entangles multi-dimensional constraints, resulting389

in a one-pass long-from text generator that simulta-390

neously achieves logical closure, strict length ad-391

herence, and high narrative quality.392

5 Experiments393

We evaluate the proposed CycleGen through var-394

ious experiments to demonstrate its effectiveness.395

Before presenting the experimental results, we first396

describe the experimental setup.397

5.1 Experimental Setup398

Model Configurations. We evaluate two set-399

tings: CycleGen-8B, built on Qwen3-8B and400

trained with 21k samples synthesized by our Phase401

I Data Engine, and CycleGen-Agent-32B, using402

Qwen3-32B as the backbone with our cycle graph403

construction and bi-directional refinement mecha-404

nisms.405

Training Details. All experiments are conducted406

on 8 × NVIDIA H200 GPUs (141GB each). For407

SFT, we set batch size to 16 (with gradient accu-408

mulation), learning rate to 1×10−4, and train for 3409

epochs. The SFT training set size is 15k generated410

by CycleGen, with a test set of 1k and a validation411

set of 1k. The RL preference dataset size is 6k. For412

RL alignment, we use learning rate 1× 10−6 for 2413

epochs.414

Benchmarks and Metrics. We adopt three415

benchmarks to comprehensively assess different416

aspects of long-form text generation.417

• WritingBench (Wu et al., 2025c) evaluates418

writing quality across 6 domains (Academic419

& Engineering, Finance & Business, Politics420

& Law, Literature & Art, Education, Advertis-421

ing & Marketing) and 3 requirements (Style,422

Format, Length) using a critic model on a423

1–10 scale. This benchmark focuses on lit-424

erary expressiveness, logical coherence, and425

instruction adherence in one-shot generation426

scenarios.427

• LongGenBench (Wu et al., 2025b) tests agent 428

planning capabilities through extremely long 429

generation tasks (up to 16k tokens) under 430

strict structural constraints. It measures five 431

metrics: Completion Rate (whether all sub- 432

tasks are completed sequentially), and instruc- 433

tion adherence across single-shot (Acc. Once), 434

range-based (Acc. Range), and periodic (Acc. 435

Periodic) constraints, with Average Accuracy 436

(Avg. Acc.) summarizing overall perfor- 437

mance. 438

• CycleBench is our proposed benchmark con- 439

sisting of 100 long-form writing tasks (50 440

Chinese, 50 English), each involving 2–4 441

cyclic logical dependencies. Unlike existing 442

benchmarks, CycleBench specifically evalu- 443

ates whether models can resolve circular con- 444

straints where future content retroactively con- 445

strains earlier passages, assessing both global 446

planning ability and logical self-consistency. 447

We evaluate model performance using metrics 448

such as Pass Rate, Score thresholds (Score 449

≥ 6, Score ≥ 8), Length Satisfaction Rate 450

(LS), and Length Deviation (LD). 451

5.2 Main Results 452

Results on WritingBench. We evaluate one-shot 453

generation performance on WritingBench, Table 1 454

shows the results. CycleGen-8B achieves an av- 455

erage score of 7.57, substantially outperforming 456

similar-scale baselines including LongWriter-7B, 457

Qwen-2.5-7B-filtered, and Qwen3-8B. Notably, 458

CycleGen-8B even surpasses the larger Qwen3- 459

32B at 7.48, demonstrating that our Data Engine 460

substantially enhances long-form text generation 461

capabilities in smaller models. 462

For the agent framework, CycleGen-Agent- 463

32B achieves 7.76, outperforming the reasoning- 464

enhanced Deepseek-R1 at 7.70 and ranking second 465

only to Claude-3.7-thinking at 7.91. This further 466

validates the effectiveness of graph-structured guid- 467

ance in raising the upper bound of long-form writ- 468

ing quality. 469

Results on LongGenBench. We evaluate agent 470

planning capabilities on LongGenBench, which re- 471

quires generating extremely long texts under strict 472

structural constraints. Table 2 shows the results. 473

CycleGen-Agent-32B achieves competitive per- 474

formance across all metrics. On range-based ac- 475

curacy, CycleGen-Agent-32B reaches 0.86, sub- 476
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Model Avg Languages Domains Requirements
ZH EN D1 D2 D3 D4 D5 D6 R1 C R2 C R3 C

Proprietary LLMs
Claude-3.7-thinking 7.91 7.9 7.9 7.9 7.8 7.8 8.0 8.0 8.1 7.9 8.7 8.0 8.4 8.0 8.1
Qwen-Max 7.16 7.2 7.1 7.1 6.9 7.0 7.3 7.4 7.5 7.2 8.3 7.3 7.8 7.2 7.5
GPT-4o 6.81 6.9 6.7 6.8 6.6 6.7 6.8 7.0 7.1 6.9 8.0 7.0 7.5 6.8 6.8
Open-source LLMs
Deepseek-R1 (Guo et al., 2025) 7.70 8.0 7.5 7.6 7.4 7.6 7.8 7.8 8.1 7.7 8.4 7.9 8.3 7.7 7.5
Deepseek-V3 (DeepSeek-AI et al., 2025) 6.35 6.3 6.4 6.4 6.1 6.2 6.3 6.6 6.8 6.4 7.6 6.5 7.1 6.5 6.4
Qwen3-32B (Yang et al., 2025) 7.48 7.7 7.2 7.4 7.3 7.5 7.5 7.5 7.8 7.6 8.2 7.5 8.3 7.5 7.3
Qwen3-8B (Yang et al., 2025) 6.65 6.8 6.5 6.7 6.7 6.6 6.4 6.9 6.8 6.7 7.2 6.8 7.9 6.5 6.7
Qwen2.5-72B (Qwen et al., 2025) 6.53 6.5 6.5 6.5 6.3 6.5 6.5 6.7 6.7 6.7 7.2 6.7 7.8 6.8 6.9
Capability-enhanced LLMs
LongWriter-7B (Bai et al., 2024) 6.27 6.2 6.4 6.4 6.4 6.3 6.0 6.5 6.0 6.3 7.4 6.3 6.7 6.3 6.8
Qwen-2.5-7B-filtered (Wu et al., 2025c) 7.44 7.7 7.2 7.4 7.2 7.5 7.3 7.7 7.7 7.5 8.4 7.6 8.1 7.4 7.2
CycleGen-8B(Ours) 7.57 7.4 7.4 7.5 7.9 7.4 7.3 7.8 7.8 7.7 8.0 7.5 8.5 7.4 7.5
Agent Framework
CycleGen-Agent-32B(Ours) 7.76 7.8 7.7 7.9 8.0 7.7 7.5 7.8 7.7 7.7 7.9 7.8 7.7 7.4 6.4

Table 1: WritingBench performance of different LLMs across 6 domains and 3 writing requirements evaluated with
our critic model (scale: 1-10). The six domains include: (D1) Academic & Engineering, (D2) Finance & Business,
(D3) Politics & Law, (D4) Literature & Art, (D5) Education, and (D6) Advertising & Marketing. The three writing
requirements assessed are: (R1) Style, (R2) Format, and (R3) Length. Here, “C” indicates category-specific score.

Model / Agent Framework Comp. Rate Acc. Once Acc. Range Acc. Periodic Avg. Acc.

Llama-3.1-70B-Instruct (Touvron et al., 2023) 0.79 0.50 0.51 0.18 0.39
GPT-4o 0.63 0.47 0.45 0.20 0.37
Mixtral-8x7B-Instruct-v0.1 0.83 0.42 0.45 0.24 0.37
Qwen2-7B-Instruct 0.40 0.48 0.39 0.19 0.35
GPT-4o-mini 0.97 0.42 0.34 0.18 0.31
Qwen3-8B 0.27 0.15 0.09 0.10 0.11
Llama-3.3-70B-Instruct + CogWriter (Wan et al., 2025) 1.00 0.76 0.79 0.55 0.70
GPT-4o + CogWriter (Wan et al., 2025) 0.91 0.80 0.76 0.67 0.74
CycleGen-Agent-32B(Ours) 0.96 0.85 0.86 0.53 0.75

Table 2: Agent capability evaluation on LongGenBench. We focus on comparing agent frameworks. The results
show that CYCLEGEN achieves higher control precision and task success rates in long-form text generation
compared to existing agent frameworks such as CogWriter.

stantially outperforming GPT-4o + CogWriter477

at 0.76, demonstrating superior length control478

through our structure-guided refinement mech-479

anism. For single-shot instruction adherence,480

CycleGen-Agent-32B achieves 0.85 compared to481

0.76 for Llama-3.3-70B + CogWriter, validating482

the effectiveness of our progressive alignment strat-483

egy. Overall, CycleGen-Agent-32B attains an av-484

erage accuracy of 0.75, exceeding existing agent485

frameworks. Overall, these results indicate that486

graph-based planning with Loop-Aware Refine-487

ment provides more precise control than conven-488

tional planning approaches.489

Results on CycleBench. We further evaluate490

model performance under highly complex con-491

straints on CycleBench. Table 3 presents the re-492

sults.493

CycleGen-8B demonstrates strong long-range494

logical consistency, achieving a Pass Rate of 0.50,495

compared to 0.34 for the base Qwen3-8B and 0.46496

for the larger Qwen3-32B. It also attains a higher 497

high-quality generation rate (Score ≥ 8) of 0.56. 498

These results suggest that internalizing graph-based 499

planning into model parameters substantially im- 500

proves long-form text generation. 501

We further analyze agent-based variants. 502

CycleGen-Agent-32B (Refine) improves the Pass 503

Rate from 0.58 to 0.65, validating the effectiveness 504

of Loop-Aware Refinement in repairing logical 505

inconsistencies and strengthening cyclic closure in 506

generated texts. 507

5.3 Ablation Study 508

To quantify the contributions of different stages in 509

the CycleGen framework, we conducted an abla- 510

tion study. The results are presented in Table 4. 511

Effect of Progressive Alignment. Comparing 512

Rows (1) to (4), the impact of the three-stage align- 513

ment strategy can be observed: 514

• Stage 1 (GC-IPO): Introducing logical con- 515
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Model Pass Rate Score ≥ 6 Score ≥ 8 LS(%) LD(words) Len.

LongWriter-7B 0.27 0.34 0.09 0.10 7,565 0.61
Qwen-2.5-7B-filtered 0.22 0.35 0.21 0.01 12,823 0.09
Qwen3-8B 0.34 0.38 0.20 0.17 6,388 0.70
Qwen3-32B 0.46 0.56 0.32 0.07 6,914 0.58
CycleGen-8B 0.50 0.84 0.56 0.11 6,581 0.59

Agent Framework
CycleGen-Agent-32B (Raw) 0.58 0.97 0.68 0.23 3,879 0.83
CycleGen-Agent-32B (Refine) 0.65 0.99 0.74 0.21 3,933 0.84

Table 3: Evaluation results on CycleBench. LS denotes the average length satisfaction rate, and LD represents the
average length deviation (in word count).

Configuration Pass Rate Score ≥ 6 Score ≥ 8 LS(%) LD(words)

(1) CycleGenSFT 0.51 0.79 0.49 0.09 6,681
(2) + Stage 1 0.53 0.86 0.42 0.17 6,547
(3) + Stage 2 0.48 0.81 0.53 0.11 6,472
(4) + Stage 3 0.50 0.84 0.56 0.11 6,581

(5) MixDPO 0.55 0.70 0.46 0.18 6,873

(6) CycleGen (Raw) 0.58 0.97 0.68 0.23 3,879
(7) CycleGen (Refine) 0.65 0.99 0.74 0.21 3,933

Table 4: Ablation study analysis. We compare the contributions of each stage in the progressive training (Rows 2–4)
and contrast them with the mixed training strategy (Row 5). LS denotes the average length satisfaction rate, and LD
denotes the average length deviation in word count.

sistency constraints (Row 2) improves the516

overall pass rate (Score ≥ 6) from 0.79 to517

0.86, indicating enhanced local coherence in518

generated texts.519

• Stage 2 (DPO): Adding strict length con-520

straints (Row 3) reduces the average length521

deviation rate (LS) from 0.17 to 0.11, while522

the average length deviation (LD) decreases523

to 6,472 words, demonstrating more precise524

control over text length.525

• Stage 3 (SimPO): The final stage (Row526

4), which optimizes quality preferences with527

length normalization, maintains LS at 0.11528

while increasing high-quality output (Score529

≥ 8) to 0.56, achieving a balanced trade-off530

among logical consistency, length, and qual-531

ity.532

Comparison with Mixed DPO Training. Com-533

paring the progressive alignment strategy with534

MixDPO (Row 5), where all data are trained in535

a single-stage DPO, we observe that MixDPO536

achieves moderate pass rates but underperforms537

in high-quality generation (Score ≥ 8) and length538

control (LS 0.18 vs 0.11). This indicates that de-539

coupling multi-objective optimization into stages540

is more effective than end-to-end mixed training.541

Impact of the Refinement Mechanism. In the 542

Agent setting (Rows 6 and 7), incorporating the Re- 543

finement mechanism increases the Pass Rate by 7 544

percentage points and improves high-quality scores. 545

This confirms that explicit loop-aware revision is 546

valuable for handling complex cyclic dependencies 547

in long-text generation. 548

6 Conclusion 549

This work tackles the fundamental tension between 550

the inherently linear decoding process of LLMs 551

and the circular logical dependencies common in 552

long-form text generation. We introduce Cycle- 553

Gen, a framework that explicitly models backward 554

dependencies via a cycle graph data engine, and 555

employs a progressive alignment strategy to miti- 556

gate multi-objective optimization challenges. To 557

comprehensively evaluate structured reasoning and 558

coherence in long narratives, we also release Cy- 559

cleBench, a benchmark for assessing bidirectional 560

logical consistency in long-form texts. Empirical 561

results demonstrate that CycleGen substantially 562

improves structural control and logical coherence 563

even in small parameter models, highlighting the 564

effectiveness of graph-guided generation and bidi- 565

rectional refinement for long-text writing. 566
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Limitations567

Despite its effectiveness, this study has several568

limitations. First, while constructing a directed569

acyclic graph enables maximal parallelism of logi-570

cal dependencies, the LLM-driven verification and571

iterative refinement steps incur substantial com-572

putational overhead. Second, the current graph573

modeling is restricted to chapter-level granularity,574

leaving finer-grained intra-chapter dependencies575

largely overlooked. Finally, the framework’s per-576

formance is limited by the teacher model’s reason-577

ing capabilities. Mistakes in causal relationship578

identification during graph construction can propa-579

gate into the synthesized training data. Future work580

will aim to improve synthesis efficiency and extend581

graph modeling to finer-grained textual hierarchies,582

further enhancing the quality and consistency of583

long-form text generation.584
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A Appendix746

A.1 CycleGen Data Synthesis Pipeline747

Algorithm 1 CycleGen Data Synthesis Pipeline
Require: User instruction I , structured outline O =
{v1, . . . , vN}, similarity threshold τ

Ensure: Preference pair (Yraw,Yrefined)
1: V ← O, E ← ∅
2: E← EMBEDDING(O)
3: for all (vi, vj) ∈ V × V do
4: sij ← cos(ei, ej)
5: if sij > τ then
6: (u, v, w)← LLM-VERIFY(vi, vj)
7: if dependency exists then
8: E ← E ∪ {(u→ v, w)}
9: end if

10: end if
11: end for
12: G← (V,E)
13: Ecut ← MINFAS(G)
14: GDAG ← (V,E \ Ecut)
15: Initialize array Yraw of size N
16: Batches← LAYEREDTOPOLOGICALSORT(GDAG)
17: for all batch ∈ Batches do
18: parallel for vi ∈ batch do
19: Ci ← RETRIEVER(PredecessorsGDAG(vi),Yraw)
20: yi ← LLM-GEN(I, vi, Ci)
21: Yraw[i]← yi
22: end parallel
23: end for
24: Yrefined ← Yraw

25: for all (vj → vi) ∈ Ecut do
26: (y′

i, y
′
j)← LLM-REFINE(Yrefined[i],Yrefined[j])

27: Yrefined[i]← y′
i

28: Yrefined[j]← y′
j

29: end for
30: return (Yraw,Yrefined)

Algorithm 1 summarizes how CycleGen con-748

structs preference pairs by detecting logical depen-749

dencies in an outline, enabling parallel DAG-based750

generation, and subsequently refining broken cyclic751

relations to restore global coherence.752

A.2 Prompt Design Details753

Figure 4: Generate Outline prompt.

Figure 4 shows the outline-generation prompt,754

which guides the model to produce a coherent, 755

multi-level global structure rather than detailed 756

text. 757

Figure 5: Generate Task prompt.

Figure 5 presents the task-generation prompt that 758

maps the global outline into chapter-level writing 759

objectives aligned with the overall plan. 760

Figure 6: Judge prompt.

Figure 6 illustrates the judge prompt used to 761

infer directed dependency or refinement relations 762

between chapter plans for graph construction. 763

Figure 7: Generate Chapter prompt.

Figures 7 and 8 depict the chapter generation 764

and refinement prompts, which respectively pro- 765

duce draft content conditioned on predecessors and 766

revise cyclically related chapters to improve global 767

coherence. 768
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Figure 8: Refine Chapter prompt.

A.3 Additional Experimental Analysis769

As illustrated in Figure 9, CYCLEGEN achieves770

consistent improvements over baseline models771

across almost evaluation dimensions on Writing-772

Bench, indicating the robustness of the proposed773

framework.

ZH

ENLogic
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Narrative Domain
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CycleGen-8B (Ours)
CycleGen-Agent-32B (Ours)
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CycleGen-Agent-32B (Ours)

Figure 9: Radar chart comparison of CYCLEGEN mod-
els across different dimensions on WritingBench. The
left panel compares against open-source Qwen models,
while the right panel compares against closed-source
SOTA models.
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